The image reconstruction algorithm of diffuse optical tomography (DOT) is based on the diffusion equation and involves both the forward problem and inverse solution. The forward problem solves the diffusion equation using the finite element method for calculating the transmitted light distribution under the condition of presumed light source and optical coefficient. The inverse solution reconstructs the optical property coefficient distribution using Newton's method. The work within this study develops an image reconstruction algorithm for frequency-domain DOT. A numerical simulations approach to light propagation in the tissue is conducted, while the optical property is reconstructed employing data around the boundary. We implement different designated simulation cases, including different contrast ratios of absorption and reduced scattering coefficient of inclusion with respect to the background used for verifying the results of the forward problem and the developed reconstruction algorithm. Reconstruction results indicate that the quality of reconstructed images can be effective for screening breast cancer.
Introduction
Diffuse optical tomography (DOT) refers to the imaging of biological tissue in the diffusive regime by using nearinfrared (NIR) light [1] . Typically, the goal of DOT is to accurately estimate the distribution of optical properties in a tissue volume from noninvasive optical measurements on the surface of the medium [2] . Furthermore, its clinical application for imaging breast cancer is beginning to demonstrate functional information, such as oxyhemoglobin and de-oxyhemoglobin, for screening [3, 4] . As is known, NIR DOT produces low-resolved images, which limits its further clinical application due to highly scattered photon fields. In addition, an NIR DOT focus in regards to two issues, a forward measurement system [5] and a reconstruction algorithm [6, 7] , was primarily related to a measuring device and numerical computation software, respectively. Hence, the low-resolution drawback due to the ill-posed nature of the inverse problem can be improved by either a novel hardware design such as using multimodality, optical fibers optimization around the tissue boundary, or an innovative computational approach such as constraints in the image reconstruction, introducing prior information, varying parameters, or filtering techniques [8] .
The circular array [9, 10] is the most popular model geometry for imaging the breast in two dimensions, which drew researchers' attention. Some studies have been developed for two-dimensional image reconstruction to reflect a better understanding. Various algorithms can be utilized to estimate optical properties in DOT techniques. The decision of these algorithms is based on the photon propagation model, optimization scheme, measurement type, and geometry. A system using a multiwavelength scheme was applied to reconstruct better- quality images such as a low cross-talk or high-contrast separability between the embedded tumor and the background [11, 12] . Furthermore, the optimization of wavelength [13] to determine proper spectral ranges was developed, and the laser wavelengths' determination has a strong effect on maximizing optical properties accuracy [14] .
Multimodality schemes have also been proposed for medical applications or clinical trials. Diffuse optical imaging along with coregistered X-ray systems generated a better performance between the functional and structural contrasts [15, 16] , with integration of an ultrasound probe and an NIR DOT for the solid lesion detection [17] [18] [19] , or employed a combination of nuclear magnetic resonance imaging/magnetic resonance imaging (NMR imaging/MRI) and NIR imaging systems to be implemented an image guided for reconstructing NIR DOT [20, 21] , where such a hybrid imaging scheme was examined with an NIR image reconstruction algorithm usually incorporating a priori structural information provided by X-ray imaging, ultrasound imaging, or MRI systems.
On the other hand, to provide accurate information of the tissue, several studies were conducted. Reducing the imaging artifact in measurements due to probe-tissue coupling, patient and probe motions, and tissue heterogeneity were investigated by an automated method of outlier removal, data selection, and filtering for DOT [22] . In the discussion of wavelength optimization with a selection from commercial laser diodes to obtain more information of chromophores [14] and to allow bulk parameter recovery from measured spectra, a set of libraries based on a numerical model of the domain being investigated was developed as opposed to the conventional approach of using an analytical semiinfinite slab approximation, which was shown to introduce boundary effects [23] .
In this study, we present the implementation of a finite element-based algorithm to provide forward calculation for the image reconstruction process. Due to the ill-posed nature of the inverse problem, Tikhonov regularization (TR) is utilized to stabilize the reconstruction results. Based on the algorithm, preliminary simulation results for reconstructing optical properties (such as absorption and reduced scattering coefficient) in the tissue are illustrated.
According to the above introduction, the organization of this paper is as follows. In Section 2, we describe the forward problem of DOT and light propagation is modeled; in addition, we state the inverse solution for image reconstruction and the estimation of optical properties in tissue. Subsequently, the simulation results of the forward problem and inverse solution are demonstrated in Section 3, where discussions are provided as well. Finally, some remarks and conclusions of the study are stated in Section 4.
Forward and inverse models
Estimating the distribution of the optical properties in tissue through the light propagation around a model boundary is the aim of DOT. A forward model is needed to show the relation between light radiance distribution on the tissue boundary and the exact optical properties for the objective of determining the reconstructed optical properties' images.
The inverse problem in image reconstruction for DOT is nonlinear but we can linearize this nonlinear problem by using first-order Taylor series and this can be done iteratively using Newton's method as shown in the following discussion, and then the nonlinear image reconstruction problem can be solved by a series of linear steps. However, these linear steps involve the Jacobian matrix, which needs to be constructed explicitly.
To express the above explanations in theory, a forward problem in DOT is first described in Section 2.1, and then the use of the regularization method in an inverse problem is explained in Section 2.2, where TR is presented. Following that, the approach implemented in the numerical way is described in Section 2.3.
Forward problem
Time harmonic light propagation in tissues can be described by the well-known diffusion equation when tissues act as a highly scattering medium:
where Φ (r,ω) is the radiance, ω is the light modulation frequency, D is the diffusion equation, µ a is the absoption coefficient, c is the wave speed in the medium, and S 0 (r,ω) is the source term. The diffusion coefficient D can be written as:
where µ s is the scattering coefficient, g is average cosine of the scattering angle, and µ ′ s is the reduced scattering coefficient.
The use of the finite element method (FEM) to model the diffusion equation is attractive due to the flexibility in terms of geometry and the ability to preserve the nonlinear relationship between the measurements and optical properties in the diffusion equation. In order to simulate the light propagation by diffusion equation, we first must define the light source S 0 (r, ω) , boundary condition, and optical coefficients µ a and µ ′ s in the model. In this study, the mixed boundary condition [24] is implemented as in Eq. (3). The FEM can be divided into two steps. First, the boundary condition is substituted into a weak form. Secondly, the Galerkin method along with a boundary condition is implemented:
where α is a term that incorporates reflection as a result of refractive-index mismatch at the boundary andn is the unit vector normal to the boundary. Thus, the following discrete equations in a matrix form,
can be obtained. Here, b is the boundary node and l is the internal node. Obviously, the forward solution, Φ, can be evaluated with Eq. (4).
Inverse solution
Since the goal of DOT is to reconstruct the optical coefficient maps of the tissue, we can estimate this distribution by minimizing the misfit differences of data model,
which is minimal, where Φ M is the measured photon density around the medium being investigated and Φ C is the computed model data from solving the diffusion equation with the current estimated optical properties.
These data-model misfit differences can then be minimized by solving J ∆χ = ∆Φ iteratively, where However, solving this inverse problem of I∆χ = ∆Φ usually runs into the difficulty of an ill-conditioned problem as the number of model parameters (optical coefficients here) increases. Alternatively, TR is introduced to remedy such an issue. In TR, the inverse problem in DOT is formulated as an optimization of the damped least-squares problem [25] :
where λ is a regularization parameter. One can minimize this damped least-squares problem by iteratively solving the following update equation:
Image reconstruction for DOT
In this study, the numerical computation was implemented in the model using repeated iteration. The flowchart for image reconstruction is shown in Figure 1 . First, we assumed the distribution of optical properties in the model, and then the corresponding light source intensity was obtained in the forward calculation. The FEM solved the diffusion equation to obtain the light intensity and phase shift of the measurement nodes around boundary. As explained in Section 2.2, we calculated the solution of the diffusion equation and least-squares minimization error function ( χ 2 ) as the criteria. If the error was greater than the initial estimation, then the inverse problem would be employed. In the inverse problem, we obtained optical properties' update values for each node. Then the optical properties obtained above were applied to the forward problem calculation, and the error was obtained again. These processes would be repeated until the stop criterion was met. 
Results and discussion
This section describes how to produce simulated data as well as image reconstruction results. In order to test the image reconstruction algorithm, the simulation was employed first by using model information in the testing model. According to the actual shape of the breast and internal physiological information, we first had to assume the absorption (µ a ) and reduce scattering
coefficients in the model. Then we used the FEM to simulate light distribution in the model and light intensity at the boundary. In addition, there were multiple light sources and measurement nodes for image reconstruction. In this study, we used a circular array as the model geometry with diameter of 80 mm. It was assumed that there were 16 light sources and 16 measurement nodes distributed along the boundary; therefore, there were 256 (= 16×16) measurements in total for reconstruction.
To obtain simulated data, we used a group of finite element mesh with 4225 nodes and 8192 triangle elements for the inverse solution. The model geometry along with the light source and detector arrangement are shown in Figure 2a , while Figure 2b depicts the inclusion location inside the model. Moreover, we assumed that µ a and µ ′ s of the background in the model geometry were 0.01 mm −1 and 1 mm −1 , respectively. We tried to simulate the model with different optical properties for the same size and location of inclusion, as shown in Table 1 . Figures 3a-3d show the light radiance distribution for light sources 1, 5, 9, and 13, respectively. As can be seen, the light intensity was distributed well inside the model through our Figures 4a-4d and 5a-5d indicate the differences of light intensity and phase shift between homogenous and inhomogeneous areas where a single light source was applied. As predicted, the boundary data were affected by light source and inclusion position as well as optical properties of inclusion. These results of the forward solution prove the forward problem algorithm, promising to obtain simulation data for the image reconstruction next step. In order to avoid inverse crime [26] , we utilized different numbers of elements and nodes in the forward and inverse models, as shown in Figures 6a and 6b , respectively. To obtain reconstructed images in this study, we used a group of finite element mesh with 817 nodes and 1536 triangle elements for the inverse solution. Figure 9 and 10, respectively. Comparing Figures 7 and 9 , the reconstructed images show that greater inclusion contrast in the exact condition, with higher differences between inclusion and background for reconstructed results. Also, Figures 8 and 10 provide a more detailed assessment of these images by circular profiles through the inclusion center with a radius of 15 mm. We found for case A1 that with the greater µ a of inclusion in the exact condition, the greater µ ′ s for inclusion with respect to the background in the reconstructed image was even overestimated. Otherwise, underestimation occurred for µ a . Furthermore, underestimation of the optical properties' reconstructed images for each contrast ratio in case A2 occurred.
Additionally, we simulated simultaneously the conditions given in Table 2 . These cases were specified with the optical-property values of µ Figure 11 clearly demonstrate that µ a and µ ′ s reconstructed can be obtained by use of the algorithm in this study. Furthermore, Figure 12 depicts the circular profiles of image assessments through the three inclusion centers with a radius of 15 mm. Obviously, case B2 has higher contrast compared with case B1. We also provided a quantitative assessment for the reconstructed images between the FD proposed in this study and continuous wave (CW) [27] DOT using the structural similarity (SSIM) index [28] . The images in Figures 13 and 14 show the competitive performance of the CW algorithm for image reconstruction compared with the FD algorithm in Figures 7 and 9 . index for all images shown in Figures 7, 9 , 13, and 14, where a numerical approach is used for assessing the quality of the reconstructed image when compared with the actual image of DOT through the whole parts. The image quality assessment in Table 3 verifies that the reconstructed optical property images using FD enhance the recovery of inclusion through considerable improvement in the inclusion contrast. 
Conclusions
In this study, a FEM-based image reconstruction algorithm of a DOT system has been proposed in the FD. Furthermore, Newton's method and TR are employed in the image reconstruction to improve the reconstructed images. For verifying the developed reconstruction algorithm, different designated simulation cases with different contrast ratios were used. According to image reconstruction results, they indicate that the reconstruction algorithm is feasible for breast examination for revealing the embedded tumor, where a tumor of 15 mm in diameter embedded in the model can be distinguished from the background. Overestimation or underestimation of optical properties' contrast occurred and could not be accurately determined; however, it remains effective for breast screening. Additionally, the SSIM index allows the image quality assessment for FD in this study and CW. The computational times of both methods for each iteration were similar, approximately 7-8 s, due to equal Jacobian matrix dimensions. Furthermore, it is expected that the image reconstruction algorithm here can be applied for experimental data, although the results displayed in this study have concentrated on the reconstructed images from simulated data.
